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In recent years, there have been many research cases in which machine learning theories such as neural
networks are used in traffic behavior analysis. When using these methods, it is desirable that a huge amount
of learning data is required and that the quality and quantity of the data are guaranteed. However, the cost of
acquiring individual activity and traffic behavior data is still high, and it is difficult to secure sufficient data.
In this study, we propose an extension method of PT data using GAN (Generative Adversarial Network)
and try to generate a dataset with the metropolitan area as a case study. Specifically, by applying CTGAN
incorporating LSTM (Long Short Term Memory) and TVAE utilizing Autoencoding, it became possible to
generate data that retains activity information before and after. This is expected to improve the efficiency

of model learning and data collection in small samples.



